We report a simple model that predicts the maximum recommended therapeutic dose (MRTD) of small molecule drugs based on an assessment of likely protein-drug interactions. Previously, we reported methods for computational estimation of drug promiscuity and potency. We used these concepts to build a linear model derived from 238 small molecular drugs to predict MRTD. We applied this model successfully to predict MRTDs for 16 nonsteroidal antiinflammatory drugs (NSAIDs) and 14 antiretroviral drugs. Of note, based on the estimated promiscuity of low-dose drugs (and active chemicals), we identified 83 proteins as "high-risk off-targets" (HROTs) that are often associated with low doses; the evaluation of interactions with HROTs may be useful during early phases of drug discovery. Our model helps explain the MRTD for drugs with severe adverse reactions caused by interactions with HROTs.
Study Highlights

WHAT IS THE CURRENT KNOWLEDGE ON THE TOPIC?
✔ The maximum recommended therapeutic dose (MRTD) estimates the upper limit beyond which a drug's efficacy is not increased and side effects begin to outweigh beneficial effects. Currently, MRTD is empirically derived from human clinical trials. We have an opportunity to use computational methods to study the molecular basis of the MRTD.
WHAT QUESTION DID THIS STUDY ADDRESS?
✔ What are the factors that affect MRTD estimation? What molecular targets may cause the most undesirable offtarget activities? WHAT THIS STUDY ADDS TO OUR KNOWLEDGE ✔ We built a simple model that predicts MRTD of smallmolecule drugs based on an assessment of likely proteindrug interactions. We found two important factors of MRTD: drug promiscuity and pseudo-potency. We identified 83 proteins as "high-risk off-targets" (HROTs) that may cause most undesirable adverse reactions.
HOW THIS MIGHT CHANGE CLINICAL PHARMACOL-OGY OR TRANSLATIONAL SCIENCE
✔ Our MRTD model reveals some molecular aspects of drug action. The ability to predict MRTD directly from drug target interactions is both scientifically and clinically important in terms of drug development and use. The predicted MRTD can be used to estimate the maximum recommended starting dose (MRSD) when designing phase I human clinical trials. The identification of HROTs provides a novel and reliable set of "red flags" for pharmacological profiling.
The "maximum recommended therapeutic dose" (MRTD) for a drug is the upper limit beyond which efficacy is not increased and side effects begin to outweigh beneficial effects. 1 MRTD is empirically derived from human clinical trials, and provides a threshold for dose-related side effects. The US Food and Drug Administration (FDA) created expert systems that use quantitative structure activity relationship (QSAR) methods to estimate both the MRTD as well as the "no effect level" (NOEL) of organic chemicals in humans. 1, 2 These models use data obtained from pharmaceutical clinical trials and postmarket surveillance of the adverse reactions reported in the FDA's Adverse Event Reporting System (AERS) databases. 3 Ideally, MRTD estimates provide a relevant, accurate, sensitive, and specific estimate of the toxic dose level of chemicals in humans. Estimating the best "first in human" (FIH) dose is also an essential activity in clinical drug development. FIH dose estimation is usually based on the "no observable adverse effect levels" (NOAELs) in multiple species. 4 Agoram reported a relationship between pharmacokinetic profiles and the FIH dose. 5 Other pharmacokinetic models predict human clearance (CL) and bioavailability, with an emphasis on toxicity. 5, 6 However, drug effectiveness is not typically the focus when estimating FIH dose.
The predicted MRTD can be used to estimate the maximum recommended starting dose (MRSD) and FIH dose for phase I human clinical trials. 2 However, there are no reported methods for estimating MRTDs in the absence of clinical data. Branham et al. associated the chemical properties of antiretroviral drug molecules to their MRTDs. 7 Of the six properties examined, only aqueous solubility and biodegradation probability were statistically associated with MRTDs. The model was limited to 31 antiretroviral drugs and is not directly applicable to other drug classes. Thus, the ability to predict MRTD directly from drug target interactions is both clinically and scientifically attractive for drug development and treatment management.
We have previously reported two methods for computational profiling of drug promiscuity and target druggability. 8, 9 Promiscuity is often considered a major factor in determining drug side effects. 10 A drug's promiscuity can be measured by its binding spectrum to (ideally) all human proteins in the cell. A protein's druggability is its ability to be modulated by high-affinity interactions with small-molecule drugs. Although we do not have direct means to predict potency, druggability predictions for the known targets of a drug can be used as a proxy estimate of its potency. In particular, we compute the average druggability of all the known targets of a small molecule-high average druggability implies high average affinity and thus high potency. 8 Conversely, low average druggability implies low average affinity and low potency. For this discussion, we will refer to the average druggability as pseudo-potency to stress that it is not a direct measure of potency (see Methods for detailed definition).
MRTD is an empirical parameter that draws a line between therapeutic (desired) effects and adverse or toxic (undesired) side effects.
11 Drug promiscuity and pseudo-potency contribute to undesired and desired effects, respectively. Therefore, MRTD should be a function of both promiscuity and pseudo-potency. For example, the MRTD of celecoxib is relatively low compared with that of other nonsteroidal antiinflammatory drugs (NSAIDs). Using our computational methods, 8, 9 we inspected the binding site of celecoxib in its functional target COX2 (cyclooxygenase 2) and found optimized interactions and high druggability score consistent with high pseudo-potency. At the same time, we also found that celecoxib is a drug of high promiscuity as measured by the number of human proteins to which it may bind. The balance between these two characteristics qualitatively explains celecoxib's relatively low dose: celecoxib achieves its desired effects because of the optimal interactions (and high pseudo-potency) with COX2. On the other hand, its dose cannot be increased very much because high promiscuity leads to side effects.
Although MRTD is established during clinical trials, it can be changed once data from patient exposures are analyzed. Ultimately, this information is reflected in drug labels and guides prescribing physicians. In this work, we aim to develop a simple model of MRTD based on these two molecular attributes, pseudo-potency and promiscuity-both of which can be estimated using basic molecular structure data that is often available to drug developers. Based on this model, we predict and reevaluate the MRTD of drugs with severe side effects and provide insights about target interactions that might best be avoided during drug development.
METHODS
Datasets
The Drug Dataset comprises 238 small-molecule drugs that satisfy the following standards: (i) The high-quality 3D structures of a drug's binding sites are available in Protein Data Bank (PDB); (ii) The MRTD values are available from the FDA MRTD database (http://www.fda.gov/cder/). We normalized the original MRTD values by two steps: (i) The original MRTD values were normalized to 60 kg body weight; (ii) we renormalized the MRTD values to 70 kg, which is the "average" adult mass is 70 kg in physiology studies. 2, 12 We further divided the dosage (expressed in mg) by the molecular weight (MW) of the actual drug-observing the actual drug formulation unless the active substance MW was explicitly stated in the package insert. When multiple values were available, we used the MRTD for the oral formulation. In this study, log(MRTD) refers to the logarithm of MRTD, expressed in μMol/kg/day. The values of MRTD of the 234 drugs range from 10e-5 to 10e4 μMol/kg/day, representing the complete MRTD range of the FDA database (Supplementary Figure  S1) .
The Human Protein Dataset comprises 2,291 proteins from a nonredundant representative set (90% identity) of human proteins. We used the following filters: (i) a high-quality 3D structure (x-ray resolution higher than 2.5Å) is available in PDB. (ii) The structure is cocrystalized with a small molecule ligand. 13 Using these criteria, we collected 46 low-dose drugs (MRTD <1 μMol/kg/day) and 37 high-dose drugs (MRTD >100 μMol/kg/day) from the 238 drugs (Table S1 and Figure S1 ).
Predict promiscuity
Given a drug, we predict its probability of binding to all proteins in the Human Protein Dataset (Section 1). We employ a previously reported method, PocketFEATURE, 8 which computes the structural similarity between two binding sites in order to calculate the probability that a drug binding one site also binds the other. More similar sites are more likely to share drug binding profiles. We describe a drug by enumerating its binding microenvironments (physiochemical and structural properties) in a target protein using the FEATURE system.
14 FEATURE calculates a set of 80 physicochemical properties collected over six concentric spherical shells (total 480 properties = 80 properties × 6 shells) centered on the predefined functional center. PocketFEATURE uses the FEATURE representation to calculate site similarities by aligning microenvironments between two sites. A more negative score suggests binding site similarity and thus a higher probability of drug binding to a site similar to its known binding site. A cutoff of -2.0 indicates likely binding of a drug to a protein target. A more stringent cutoff -2.5 indicates likely more specific binding. The similarity between a drug's binding site and each of the 2,291 binding sites in the Human Protein Dataset can be calculated by Pocket-FEATURE. Given a drug, we then count the number of proteins in the Human Protein Dataset that are predicted to bind the drug (using cutoff of -2.0). We then calculate the average pseudo-affinity as an indication of promiscuity of the drug.
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Estimate pseudo-potency We previously reported a method, DrugFEATURE, that evaluates a protein's potential to bind drug-like molecules by assessing the microenvironments in putative binding sites. 8 DrugFEATURE estimates the potential for high binding affinity between a drug and a protein. Given a drug, the average druggability of its functional targets bound is a proxy measure of the drug's binding affinity in these targets, and measures the amount of drug required to modulate the target. In this work, we call the average druggability the "pseudopotency." We apply DrugFEATURE to compute pseudopotency for 234 drugs. For each drug, we collect its functional targets from DrugBank and seek cocrystallized structures of the targets. We then estimate the drug's pseudopotency by averaging the druggability of each of the target binding sites.
Build linear models and predict MRTD
We built a linear model for MRTD, using independent variables promiscuity and pseudo-potency using the R package (Vienna, Austria). We analyzed the significance of each variable by analysis of variance (ANOVA). We employed leave-one-out crossvalidation to build linear models and predict MRTDs of 14 antiretroviral drugs and 16 NSAIDs.
Identify high-risk off-targets (HROTs)
From the 2,291 proteins, we identified 83 targets that (i) do not bind any of the 37 high-dose drugs (PocketFEA-TURE stringent cutoff -2.5) and (ii) bind to at least 5 of the 46 high-dose drugs. We evaluate the statistical significance of targets matching these criteria using the hypergeometric distribution over the 238 drugs. The probability of observing binding to low-dose drugs is calculated as:
Where M is the size of the population (238 drugs); K is the number of drugs that bind to the given target; Nl is the size of samples drawn (46 low-dose drugs) and xl is the number of bindings observed in low-dose drugs. The probability of not binding to any of high-dose drugs is calculated as:
Where M is the size of the population (238 drugs), K is the number of drugs that bind to the given target, Nh is the size of samples drawn (37 high-dose drugs), and xh is zero (no observed binding). The significance of a given target is calculated as P = pl × ph.
Figure 1
We compare the pseudo-potency and promiscuity of 37 high-dose (MRTD >100 μMol/kg/day) and 46 low-dose drugs (MRTD <1 μMol/kg/day). The boxplot shows that high-dose and low-dose drugs have significantly different pseudo-potency (t-test P-value = 2.24e-4) and raw promiscuity (t-test P-value = 3.29e-5).
We displayed the distribution of data noting the minimum, first quartile, median, third quartile, and maximum.
RESULTS
Pseudo-potency and promiscuity are two factors of MRTD
We employed PocketFEATURE 8 to predict affinity between each of the 238 drugs in the Drug Dataset and the 2,291 proteins in the Human Protein Dataset (see Methods). We have previously shown that the accuracy of PocketFEA-TURE is reasonably good. 10, 15 The predicted scores approximate the probability of binding between a drug and a protein, and therefore the set of the predicted affinity scores between a drug and the 2,291 human proteins (Human Protein Dataset) can be used as an estimate of drug promiscuity. We also estimated the pseudo-potency of the 238 drugs in Drug Dataset by averaging the druggability of their functional targets, using the DrugFEATURE algorithm. 9 For the 238 drugs in this study, there were 37 high-dose drugs (MRTD >100 μMol/kg/day) and 46 low-dose drugs (MRTD <1 μMol/kg/day) ( Figure S1) . We compared the pseudo-potency and the raw scores of promiscuity of the 37 high-dose and the 46 low-dose drugs (Figure 1) . The average pseudo-potency of high-dose drugs is 1.2 and that of low-dose drugs is 2.6. The average promiscuity of high-dose drugs is lower than that of low-dose drugs. Highand low-dose drugs have significantly different pseudopotency (P-value = 2.24e-4) and raw promiscuity (P-value = 3.29e-5).
Linear model
We built a predictive model for MRTD based on promiscuity and pseudo-potency. The results of the multiple linear www.wileyonlinelibrary/cts 
Panel A of Table 1 shows that the model is significant; the F-statistic of the linear fit vs. the constant model is 8.098 (P-value of 3.97e-4). The R-squared value (0.065) shows that the model explains only 6.5% of the variability in the response. Panel B shows the F-statistic for assessing the statistical significance of pseudo-potency and promiscuity in the model; both variables significantly contribute to the prediction. The ANOVA table also shows that combining pseudo-potency with promiscuity improves the model.
Predicted MRTD
We evaluated prediction power using leave-one-out crossvalidation. We also analyzed prediction results on two important pharmaceutical categories: 14 antiretroviral drugs and 16 NSAIDs. Figure 2 shows that the predicted values correlate with the known MRTDs for both categories. The correlation between the predicted values and the known MRTD for the 16 NSAIDs is 0.5 (P-value 0.07). The correlation between the predicted values and the known MRTD for the 14 antiretroviral drugs is 0.9 (P-value 0.0001). Drugs that achieved good prediction performance (within one unit of log(MRTD)) are highlighted in red, including eight antiretroviral drugs and seven NSAIDs. All seven NSAIDs with good performance are slow time-dependent inhibitors. Six of the nine NSAIDs for which predictions did not achieve good performance are rapid inhibitors (Supplementary Table 2A) . The eight antiretroviral drugs with accurate predictions consist of two nucleoside reverse transcriptase inhibitors (NRTI), one non-nucleoside reverse transcriptase inhibitor (NNRTI), and five HIV protease inhibitors (HIV-PI) (Supplementary Table  2B ). Drugs of high dose, such as foscarnet and zidovudine, tend to have less accurate predictions. 
High-risk off-targets (HROTs)
We identified 83 proteins that are predicted to bind low-dose drugs more frequently than high-dose drugs. We call these proteins "high-risk off-targets" because they are associated with drugs whose dose is limited by high promiscuity and low potency. They consist of 32 proteins that are associated with transcription process, 36 receptor-related proteins, and 20 hormone receptors. There are six G-protein-coupled receptors (GPCRs, Table 2 ).
DISCUSSION
Pseudo-potency and promiscuity leverage a drug's MRTD The MRTD represents the margin between the desired effects and adverse reactions. It is not surprising that MRTD is associated with drug promiscuity, which is an important factor for drug adverse reactions. However, the number of drug www.wileyonlinelibrary/cts www.wileyonlinelibrary/cts adverse reactions alone does not correlate well with MRTD ( Figure S2 ). Therefore, we added drug potency (pseudopotency) to our model. Thus, we used computational estimates based on 3D structure interactions that were proxies for promiscuity (using PocketFEATURE 8 ) and potency (using DrugFEATURE 9 ). We have previously shown that the promiscuity is associated with drug adverse reactions. 10 As expected, we found that our estimated pseudo-potency is associated in MRTD (Figure 1) . Drugs of low MRTD often have high pseudo-potency, since only drugs of high pseudopotency can achieve their desired effects at low dose. On the other hand, drugs of low pseudo-potency need high dose to reach the desired therapeutic effects. ANOVA test shows that including pseudo-potency improves the linear model, demonstrating that promiscuity and pseudo-potency provide independent, complementary information.
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Predict and reevaluate MRTD
Although our model has a low R-squared value, it shows statistically significant coefficients. Without question, a low R-squared can be problematic when precise estimates are required. However, we have found it useful in two drug categories: 14 antiretroviral drugs and 16 NSAIDs.
For NSAIDs, binding to functional targets COX2 or COX1 (cyclooxygenase 1 and 2, respectively) is a key step of drug action. There are two types of kinetics in NSAIDs binding (see Supplementary Materials). One type is rapid binding, including reversible and irreversible inhibitors (e.g., ibuprofen, piroxicam, mefenamic acid, aspirin). The other is slow, time-dependent binding (e.g., celecoxib, diclofenac, flurbiprofen, indomethacin), which often results in higher in vitro potency. 16, 17 The model achieves better performance on slow time-dependent inhibitors. For rapid inhibitors, the predicted values are often lower than the known MRTDs. Since our model is a simplified one, we do not include other factors that may affect MRTD, such as pharmacokinetic properties, drug metabolizing, enzyme kinetics, and transporter effects. However, it seems that promiscuity estimation based on highaffinity drug-binding sites tends to achieve a higher accuracy, resulting in better performance of MRTD predictions.
For the group of antiretroviral drugs, the clinically effective dose is often accompanied by substantial adverse effects. Our predicted MRTDs are generally lower than the observed MRTDs because most antiretroviral drugs have high promiscuity, corresponding to their severe side effects. However, drugs with high pseudo-potency may be able to exert their desired functions at lower doses. Thus, we propose that the MRTD for those drugs may merit reevaluation. For example, efavirenz and abacavir have high pseudo-potency (Supplementary Table S2B ). Our predicted MRTD is lower than the empirical MRTD for these two drugs. They may be able to achieve their effects at a dose lower than MRTD because of their high pseudo-potency. Furthermore, both efavirenz and abacavir interact with HROTs (efavirenz interacts with dipeptidyl peptidases and retinol-binding protein; abacavir interacts with dipeptidyl peptidases and T-cell surface glycoprotein CD1b. Table 2 ). Therefore, lowering doses of these two drugs may help reduce the undesired side effects.
High-risk off-targets (HROTs)
A low-dose drug often has higher potency and higher promiscuity, compared with high-dose drugs (Figure 1) . In order to identify proteins that may modulate common and important side effects, we seek proteins that frequently interact with low-dose drugs, but not with high-dose drugs. These proteins and their related pathways are sensitive to the modulations induced by drug binding, which could contribute to low tolerance. We defined HROTs as proteins that seem to be dose limiting based on frequent predicted interactions with low-dose drugs.
For example, as a low-dose drug, dexamethasone (0.3 μMol/kg/day) is predicted to be highly effective (pseudopotency score 3.55) and promiscuous (promiscuity score -3.43). One of its off-targets is glucocorticoid nuclear receptor 2 (NCOA2), which has been identified as an HROT. The binding between NCOA2 and dexamethasone has also been observed experimentally (IC 50 -22 μM, data from ChEMBL 18 ). Meanwhile, NCOA2 has been associated with severe adverse reactions caused by dexamethasone, including menstrual irregularities, cardiomegaly, and cardiac arrest. 10 Active chemicals that interact with HROTs may cause severe side effects, resulting in low tolerance.
In previous work, we identified 50 essential proteins that are significantly associated with drug adverse reactions. 10 Among the 50 essential proteins, nuclear receptors are enriched, suggesting that hormone modulation can contribute to adverse reactions. In this work, among the 83 HROTs nearly half of them are hormone receptors or nuclear receptors ( Table 2) . Another important group are proteins involved in transcription and signaling process, including 32 proteins associated with transcription process. Elucidating interactions between drugs and transcription factors remains a challenge because of the complexity of cellular responses to drugs. Our predictions provide high-risk alerts that drug binding to these genes may cause severe adverse reactions.
Bowes et al. have published a "minimal panel" of targets that should be used for pharmacological profiling to identify the most undesirable off-target activities. 19 (The original source of this panel was four major pharmaceutical companies.) These targets often have a high hit rate and a high impact in in vitro profiling. They include 24 GPCRs, seven ion channel targets, six intracellular enzymes, three neurotransmitter transporters, two nuclear hormone receptors, and one kinase. We have found that eight HROTs (five GPCRs and three nuclear receptors) overlap with the "minimal panel," suggesting our list of HROTs provides complementary information for interpreting pharmacological profiling. In addition, our HROTs list includes 11 key enzymes in pharmacokinetics ( Table 2) .
Reliability of computational profiling
In this work we employed two computational predictions as proxies for drug potency and promiscuity. Ideally, these should be derived from direct experimental assays. For drug promiscuity, it would require a complete binding profile between small molecular drugs and a broad spectrum of human proteins (not limited to known drug targets). However, such large-scale binding assays are difficult and expensive. We have inspected the high confidence datasets from ChEMBL 18 and BindingDB 13 and found that on average there are 15 unique assays for each drug. In addition, these assays are biased towards known target proteins. To estimate drug promiscuity, we are also interested in proteins that have not traditionally been considered drug targets. Computational estimation is imperfect, but it can create an unbiased profile of drug binding to a broad spectrum of proteins. Furthermore, our validations have shown that the predicted affinities and experimental assays are well correlated. 10 The other term, pseudo-potency, is based on our published methods for estimating druggability, which have been validated 9 by nuclear magnetic resonance (NMR) experimental results and comparison to drug discovery outcomes. 20, 21 To our knowledge, we are the first to associate these two computational terms, which provide molecular insights into the drug target space and the influences on therapeutic doses. It is clear that there are other factors that contribute to the MRTD, such as clearance and bioavailability. However, data relevant to these factors are limited because they often rely on difficult and expensive in vivo preclinical assays as well as in vitro metabolism and disposition measurements. Therefore, we have chosen to model only two factors for small molecule drugs and demonstrated their potential to reveal molecular mechanisms of drug actions. 
